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This research examines the behavior of a weir-gate hydraulic structure when
subjected to the presence or absence of a side obstacle. The study focuses on two
scenarios, free flow and submerged flow, and employs a side obstacle with
dimensions of 15 cm in height, 30 cm in length, and 1 cm in thickness, located
30 cm downstream from the weir-gate structure. A correlation matrix is derived
using measured and calculated data to establish the relationship between various
variables, both dimensional and non-dimensional. The results show a clear
correlation between Froude number and discharge coefficient, while a random
trend is observed between discharge coefficient and Reynolds number. A proper
trend is found between Reynolds number and Froude number at the downstream
location. The discharge coefficient is significantly influenced by factors such as
gate water depth, weir water head, and vertical distance between the weir and
gate. Additionally, the study investigates the effect of average water depth at the
downstream on discharge and flow velocity. Two models, linear regression and
artificial neural network, are developed and tested to estimate the coefficient of
discharge (Cd). The ANN model proves to be the best-fit model for all scenarios,
with an MSE of 0.00013141 and an R-squared value of 0.99. The machine
learning algorithms used in this study demonstrate an increase in prediction

accuracy for Cd.

1. INTRODUCTION

The weir-gate hydraulic structure plays an important role in
regulating stream flow in river networks or open artificial
channels. The functionality of weir-gate is based on removing
the floating material by the weir, accompanied by removing
the sediment material by the gate. Here, the weir and the gate
operate simultaneously without any fluctuation. The weir-gate
discharge structure can be used to divert, distribute, and
control the stream flow. The interference between gate and
weir flow velocities, water deepness over the weir sharp crest,
discharge quantity, and discharge coefficient value are
important hydraulic variables which dominate the hydraulic
response of weir-gate structure (composite hydraulic
structure). The existence of rivers, open channel, and flumes
refers to a big challenge to the flow because of the reduced
flow momentum, hydraulic energy losses, and different flow
depth around the obstacle. The reduction in momentum
happens owing to the drag force which is exerted on the flow;
also the losses occur owing to the decrease in flow velocity. In
general, the flow depth before the obstacle is higher compared
to the flow depth after the obstacle. Several researchers have
dealt with the issue of the weir-gate hydraulic structure. Qasim
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et al. [1] did an experimental study to assess the influence of
weir-gate hydraulic structure inclination angle, the study
adopted angle range from 45 degrees to 135 degrees with the
horizontal bed of the flume and compared the result with the
case when the inclination angle equal to 90 degrees. The
investigations include the impact of the inclination angle on
the actual flow rate, discharge coefficient, water depth at the
downstream region of the flume, and cross-sectional area of
flow which crosses the gate and weir respectively. Qasim et al.
[2] dealt with an experimental study to give a suitable image
for the behavior of composite hydraulic structures for free flow
case and submerged flow case. The study looks for hydraulic
variables affect, geometrical variables affect and the
interference among them. Abdulhussein et al. [3] investigated
the performance of the discharge structure experimentally and
statistically. The study is built to reveal the influence of
longitudinal obstacle on the performance of the discharge
structure, the longitudinal obstacle is located downstream of
the discharge structure. Abdulhussein et al. [4] availed from
many experimental results to obtain equations which are
employed to predict the flow rate that passes through
combined hydraulic structure. Abdulhussein et al. [5] studied
how the hydraulic features of weir-gate hydraulic structure
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will be influenced by rectangular obstacle which is installed at
the downstream of the hydraulic structure. here, the length and
thickness of the obstacle is considered changeable while the
width is constant. Qasim et al. [6] investigated how the
combined hydraulic will be influence by the discordance of the
bed flume, the investigation dealt with hydraulic
characteristics at the downstream of the combined structure.
Notably, every published research has demonstrated that
machine learning systems can reliably predict Cd.

Many studies [7-10] investigated experimental the
hydraulic behavior of flow through combined structure which
consists of combined weir and gate in order to obtain an
equation to describe discharge coefficient equation. Hayawi et
al. [11, 12] did an experimental study to investigate the
hydraulic variable and geometrical variable of combined
structure. Some researchers [13-15] performed many
experiments in order to reveal the hydraulic features of flow
through combined structure.

Many researchers [16-24] dealt with flow through
combined structure to give a good understanding about
hydraulic characteristics for the flow through this structure.

Machine learning models have been found to be superior to
traditional regression-based techniques in forecasting
discharge coefficients in hydraulic structures [25, 26].
Furthermore, recent studies have demonstrated that the
integration of machine learning models with meta-heuristic
algorithms can further enhance the precision of these forecasts
[27]. Machine learning has proven to be highly successful in
accurately modeling intricate hydraulic problems, providing
fast and exact predictions of the discharge coefficient for
different types of weirs.

Consequently, machine learning has gained significant
popularity in hydraulic engineering, often used in conjunction
with other approaches like Artificial Neural Network, Support
Vector Machine, and Adaptive-Network-based Fuzzy
Inference Systems [27-30]. Machine learning methods offer a
promising approach to predict discharge coefficients using
experimental data, addressing a major challenge in hydraulic
engineering research [25]. Machine learning methods have
shown considerable potential in forecasting the discharge
coefficient in weir-gate hydraulic systems [26]. The
integration of machine learning techniques with meta-heuristic
algorithms has shown advantageous in the domain of
hydraulic engineering. The aforementioned studies have
demonstrated the effectiveness of these approaches in
precisely determining the discharge coefficients of weir
structures. These methods outperform standard empirical
formulae and provide more exact results [25, 31-34].

Recent research has continuously shown encouraging
results in using machine learning to forecast discharge
coefficients for different hydraulic structures, including
submerged radial gates, oblique side weirs, and labyrinth
lateral weirs [26].

The integration of a hybrid grey wolf optimization-based
KELM approach has yielded promising results in predicting
the discharge coefficient of submerged radial gates.
Furthermore, these machine learning techniques have
effectively been employed to predict discharge coefficients

using experimental data for side weirs in circular channels [25].

The literature extensively records the broad efficacy of
machine learning techniques in modeling hydraulic issues,
particularly in forecasting the discharge coefficient of different
types of weirs. This success has been evidenced in several
researches [35-40]. Machine learning methods provide a
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combination of high precision and effectiveness in predicting
discharge coefficients. Moreover, they possess the capacity to
manage intricate nonlinear interactions that are frequently
observed in hydraulic systems [41]. Machine learning has
shown to be a valuable tool for hydraulic engineers in
forecasting the discharge coefficient of weirs. This enables
more dependable and precise forecasts in the planning and
functioning of hydraulic infrastructure. Scientists have
examined the utilization of artificial intelligence methods,
such as artificial neural networks, adaptive neuro fuzzy
inference systems, support vector machines, and group
technique of data processing [26, 37, 42]. Safari et al. [43]
evaluated various models - Artificial Neural Networks (ANN),
Gene Expression Programming (GEP), and regression models
- in estimating the discharge coefficient for rectangular broad-
crested weirs. The main finding seems to be a comparative
analysis of these models in accurately predicting the flow over
a specific type of weir, highlighting the strengths and
weaknesses of each approach.

Machine learning methods, including artificial neural
networks, adaptive neuro fuzzy inference systems, support
vector machines, and group method of data handling
techniques, are now employed to enhance the precision of
predictions in the design and administration of hydraulic
structures. These methodologies are employed to precisely
represent the discharge coefficient for various categories of
weirs, as demonstrated by Ghaderi et al. [44].

The utilization of machine learning methodologies in
predicting the discharge coefficient of various types of weirs,
including submerged radial gates, oblique side weirs, and
labyrinth lateral weirs, has shown substantial effectiveness and
advantages in the domain of hydraulic engineering.

The application of machine learning approaches has shown
great promise in improving the accuracy and efficiency of
computing the discharge coefficient for various types of weirs
[26].

Ghaderi et al. [44] investigated the discharge coefficients of
trapezoidal sharp-crested side weirs under subcritical flow
regimes using computational fluid dynamics (CFD). The study
found that the side weir geometry, specifically the side wall
angle, significantly influences the discharge coefficient. The
numerical model developed provided satisfactory predictions
of the discharge coefficients compared to experimental data.
The authors recommend the numerical model to precisely
predict side weir discharge coefficients across various
geometries and flow conditions.

Kulkarni and Hinge [45] presented a comparative study
between experimental measurements and CFD simulations to
predict the discharge coefficient of compound broad-crested
weirs. The results showed close alignment between the
experimental and CFD values of discharge coefficients. The
maximum deviation was under 5%. The study demonstrated
that CFD analysis can reliably predict the discharge capacity
of such weirs. The authors noted the approach can help
develop rating curves to operate weir structures more
effectively.

Machine learning techniques have been effectively
employed in various hydraulic structures, including
submerged radial gates and oblique side weirs [45]. Granata et
al. [25] demonstrated the successful integration of hybrid grey
wolf optimization with KELM to get precise forecasts of
discharge coefficients in submerged radial gates. Moreover, it
was demonstrated that machine learning techniques accurately
predicted discharge coefficients for side weirs in circular



channels using experimental data. In addition, the successful
use of machine learning methods in hydraulic modeling and
the estimation of discharge coefficients demonstrates their
efficacy and efficiency [46, 47].

The objective of this study is to develop and evaluate two
models capable of quantitatively estimating the Cd necessary
to determine the hydraulic Behavior of Weir-Gate Hydraulic
Structure. In fact, hydraulic response of composite hydraulic
structure will be more affected by the existence of artificial or
natural obstacles in the downstream region. In the condition of
severe flow rate, the existence of obstacles is even amplified
due to the altered in the hydraulic characteristics of the regime.
Therefore, this study deals with a noticeable problem
represented by the interaction between the composite
hydraulic structure and the side obstacle, where the composite
hydraulic structure is near the side obstacle. The current paper
includes a comparison study between two different flow
conditions, the first deals with free flow while the second deals
with submerged flow. Two options of the side obstacle are
considered in this experiment, the first option deals with one
side obstacle, while the second option deals with two side
obstacles. The paper involves the correlation matrix to show
the relation between many variables, these variables are
hydraulic variables and geometrical variables. In addition, the
study focused on the evaluation of discharge, discharge
coefficient and average downstream water depth statistical.
Firstly, current study cope with the impact of side obstacle on
hydraulic operation of weir-gate structure or the study imply
to the interaction between two different structures in the same
channel, this study has not been considered previously.
secondly, the obstacle has momentous impact which lead to
rise of the water depth at downstream of weir-gate hydraulic
structure. Ultimately, the interference between hydraulic
response of obstacle and hydraulic response of weir-gate
structure represents a vastly challenge.

2. BASIC OF FLUID MECHANICS

To compute the theoretical flow rate which passes the weir-
gate structure:

Qtheor = Qweir + ante (1)

The theoretical flow rate that passes the rectangular weir can
be computed from the study [48]:

2
Qweir = 3V Zgbh3/2

The theoretical flow rate which passes the rectangular gate
can be computed by adopting the continuity equation.

2

Qgate = VA =,/2gHA 3)
For free-flow status:
H=d+y+h @)
For submerged flow status:
H=d+y+h—hy %)
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The actual flow rate that passes the weir-gate structure can
be computed from:

Qact = Cthheor (6)
Qact = Cq [g \/Ebh?,/z + v ZgHA] (7)

where, H is upstream water depth, / is depth of water on the
weir crest, y is vertical distance between weir and gate, d is
opening height, 4 is flow area passing gate, V' is water velocity,
b is width of the weir, g is acceleration owing to gravity, Q,eir
is weir flow rate, Qgq¢. is gate flow rate, Qepeor is theoretical
flow rate, Q. is actual flow rate, c, is discharge coefficient.

The Reynolds number [49] and the Froude number [50] are
computed by using the following equations:

_Vhy

R, ®)

)

where, v is the kinematic viscosity of water, y is depth of water.

3. EXPERIMENTS WORK

Prepared the flume

|

’ Start up the pump in order to supply required flow rate

l

‘ Control depth of water over weir crest

l

Measures water volume, time, weir water depth and

downstream water depth

|

Repeat the prior steps with different waterdepth
over weir crest

Figure 1. Experimental settings flow chart

Figure 2. Combined weir-gate structure details

The experiments work 1is conducted in the Basra
Engineering Technical College in the hydraulic laboratory.
The flume has a total length of 200 cm, 7.5 cm wide, and 15
cm depth. The experiments are performed with and without
side obstacles with various weir-gate structures upstream



water depth, and with various geometric dimensions of weir-
gate structure. The obstacle has a rectangular shape, which is
located at a certain distance equal to 30 cm measured from the
downstream of the weir-gate structure. The length of the
obstacle is equal to 30 cm with depth equal to the depth of the
flume (15 cm) and wide equal to 1 cm. The volumetric method
is used to measure the flow rate while the water depth at the
downstream zone is measured by a scale fixed on the wall of
the flume. The flume bed is considered fixed and horizontal
for all experimental work. The weir-gate structure is made
from 5 mm thick wood sheet material. In addition, the side
obstacle is made from wood material. The weir-gate structure
is located at a distance equal to 80 cm from the beginning of
the flume. Figure 1 shows experimental settings flow chart,
while Figure 2 illustrates all details of combined weir-gate
discharge structure as well Figure 3 illustrates the whole
hydraulic system. For any experiment run, the following are
the measured flow rate, upstream water depth, downstream
water depth and water depth above the crest of weir. The
current paper concentrates on three different cases, and these
cases are

A: Flume with obstacles on both sides (case-1).

B: Flume with obstacle on one side (case-2).

C: Flume without obstacle (case-3).

Case <ID

side okhstacle <}

aulic structure

NNNNNNNN

[NANNNNNN
.

Flow Flow

S ——

i
]
T

Figure 3. Whole hydraulic system for various cases

4. MODELLING

The parameters that were used for models in this study were
given using machine learning, which is one of the approaches
that are utilized in artificial intelligence (Tables 1 and 2). In
order to accurately predict the weir features and prove their
efficacy, machine learning methods are now being used [51-
55]. For this model, we used 90 run experiments. (This study
employs 80% and 20% data for LR and SVM model prediction
in training and testing, respectively. In the course of this
research, two different types of machine learning models -
specifically, LR and ANN models - were built to forecast Cd.
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The processes involved in the technique are depicted in
flowchart form in Figure 4.

[ Data Acquisition l
l Data Processing I

<=

l Machine Learning Algorithms I

[ ANN MLR I

<= <5

[ Training and Testing of Data |

—

l Performance Evaluation Matrices |

v

l Select best ML Model |

Figure 4. Flowchart of the developed methodology
4.1 Multiple linear regression (MLR)

The linear regression approach (LR) depicts a target
variable Y (also known as a response variable) as a linear
function of a set of researcher-controlled parameters Xj (called
regressors or predictors). LR model can be expressed as
follows:

Yi = ,80 + le,:’]_ + -+ kai’k + &; i= 1,2, ey n (10)

4.2 Artificial neural network (ANN)

Artificial Neural Networks (ANNs) are widely employed in
the field of artificial intelligence in order to facilitate pattern
detection, categorization, and regression analysis. The
principle of function fitting is widely known. The application
of artificial neural networks (ANNs) that aims to minimize the
error, which is the discrepancy between the output of the
model and the observed data. There are several characteristic
features of this system that render it an optimal selection for
addressing linear and nonlinear correlation problems.

4.3 Model’s performance criteria

In order to assess the effectiveness of the developed
machine learning models, the statistical performance criteria
outlined below.

4.3.1 Mean absolute error (MAE)

The mean absolute error is a commonly used statistical
measure for quantifying error. This study evaluates the
effectiveness of models utilized for continuous variables, such
as the Cd. The prediction error of a model is mathematically
defined as the difference between the actual value and the
anticipated value. Each row of data is assigned a value. In this
scenario, the average is computed by taking the absolute value
of each difference. The scoring system is linear, implying that



every individual error carries equal weight in the total average.
The user has provided a numerical reference.

4.3.2 Mean squared error (MSE)

The mean squared error (MSE) is approximately equivalent
to the mean absolute error (MAE), with the distinction that the
discrepancy between the observed and predicted values is
squared rather than measured in absolute terms. The act of
squaring the variances serves to accentuate the disparities by
magnifying larger discrepancies. The system provides
enhanced error tolerance and delivers a more precise
evaluation of faults.

4.3.3 Root mean squared error (RMSE)
Both the mean squared error approach and the root mean
squared error approach are essentially the same thing.

4.3.4 Coefficient of correlation (R)

The correlation coefficient, often known as r, is a statistical
metric that is used to quantify the degree to which a model and
its corresponding experimental data fit together. A metric that
is used to assess the strength and direction of a linear
relationship between two variables is referred to as the
coefficient of correlation (abbreviated as r).

5. RESULTS AND DISCUSSION

The weir gate is the main hydraulic structure for the surface
water distribution, measurement, diversion, and regulation.
They have various geometrical features such as irregular and
regular shapes, large or small geometrical dimensions and
remove nonacceptable materials, which affect the surface
water movement pattern, and hence the amount of water that
can be flowed in the river, artificial open channels or flumes.
Experiment work that reflects the effect of the side obstacle on

the hydraulic characteristics of weir-gate structure is explained.

Figure 5 indicates the relation between the discharge
coefficient values and the downstream Froude number values
for three different cases. In general, the figure illustrates, with
increasing discharge coefficient, the range of Froude number
values between 0.5 and 1, but there is some fluctuation
appearing in the case without side obstacles. Here, the value
of Froude number is greater than 1. This happens in the free
flow case and the reason for this is deviating due to the
overlapping between under flow and over flow velocities. The
figure implies that the presence of obstacles/obstacle
dominates the downstream Froude number values as compared
with the case of without obstacles/obstacle. In addition, when
the Froude number values less than 1, this means low flow
velocity and the dominant force is gravity. On the other hand,
the discharge coefficient is more sensitive to the flow velocity,
so any change in flow velocity will reflect directly on the
discharge coefficient. Figure 6 is plotted to express the
relationship between the discharge coefficient and the
downstream Reynolds number. There is no direct or indirect
relationship between the discharge coefficient and the
Reynolds number. The figure shows a random pattern in the
relationship, so we can consider both parameters as
independent for various three cases. For more clarification,
Reynolds number depends on the water velocity and water
depth, as well, Reynolds number is directly proportional with
the flow velocity, but the discharge coefficient has inversely
proportional with flow velocity, therefore, the flow velocity
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refers to the conflict between the two parameters. Flow
velocity will promote the random trend in the relationship.

Fr down

Without Obstacle

cd

Figure 5. Relation between discharge coefficient and
downstream Froude number

Reynold down

cd

Figure 6. Relation between discharge coefficient and
Reynolds number

Figure 7 is plotted to express the relation between the
Froude number and the Reynolds number in the downstream
zone. There is no direct or indirect relation between the Froude
number and the Reynolds number. The figure indicates a
gradual increase in Froude number with an increase in
Reynolds number. There is no dramatic altered in relation
pattern, the deviates in relation rely on the interference
between over flow and under flow velocities. For more reasons,
both Froude number and Reynolds number depend on the
water velocity and water depth. In addition, both Froude
number and Reynolds number have a direct proportional to the



water velocity, so any increase or decrease in water velocity
will reflect directly on Froude number and Reynolds number.

Cases

both side obstacles

Fr down

# One Side Obstacle

Without Obstacle

15000 2000
Reynold down

Figure 7. Relation between Froude number and Reynolds
number at the downstream

Figure 8 indicates the relationship between discharge values
with the downstream flow velocity values for three different
cases. It is obvious from the figure that with increasing in flow
velocity, Despite the existence of obstructions the continuity
equation predicts that the real discharge will be greater since
there is a direct proportionate between the discharge and flow
velocity. This will cause the actual discharge to rise.

Q(miisec)

V (misec)

Figure 8. Relation between actual flow rate and flow
velocity

Figure 9 indicates the relationship between the flow velocity
values and the average downstream flow depth values for three
different cases. It is clear from the figure as the average
downstream water depth increases the flow velocity will
increase, also the figure indicates the fluctuation in result for

the case without obstacle side. When the cross section of the
flume changes in the longitudinal direction due to the presence
of the obstacles, the water depth will rise before the obstacle
and then decrease this change will lead to the increase in flow
velocity. Furthermore, the deviation in the result will attribute
to the overlapping between the weir velocity and gate velocity.

Cases

both side obstacles

V (misec)

hd avg. (cm)

Figure 9. Relation between flow velocity and the average
depth of water in the downstream

Figure 10 indicates the relationship between discharge
values and the average downstream flow depth values for the
three different cases. It is clear from the figure that as the
average downstream water depth increases the discharge will
increase, also the figure indicates the fluctuation in result for
the case without obstacle side. Figure 10 has the same pattern
as Figure 9 owing to the direct proportional between discharge
and flow velocity according to the continuity equation.

Q (mifsec)
.

hd avg. (cm)

Figure 10. Relation between flow rate and average depth of
water downstream
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Figure 11 is drawn to express the relation between the
discharge coefficient and (y/H) for various cases, where H
represents the upstream water depth and y represents the
vertical distance between weir and gate. In general, as the
distance () increases, the discharge coefficient decreases due
to the inversely proportional between them, but the presence
of the obstacle will reflect on the relation and change the
pattern trend. The variation in results will be attributed to the
overlapping between the weir and gate flow velocity
respectively.
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Figure 11. Relation between discharge coefficient and y/H

= Both side obstacles
1.0 - A e p— ¢ One side obstacle
A A Without obstacle
b -
g6 = o = m®
L - " = g ]
-
LY
084 4 ‘: ‘ = »
3 % -
As o
A‘ el
0.7 4 2
A A‘
A A
Bl
0.6
L
0.5 T T T T T T 1
0.2 04 06 0.8 1.0 1.2 14
hd/H

Figure 12. Relation between discharge coefficient and h,;/H

Figure 12 is drawn to express the relation between the
discharge coefficient and (h,;/H) for various cases, where H
represent the upstream water depth and h,; represent the
average downstream water depth. In essence, there is no direct
or indirect relation between the discharge coefficient and the
depth of the water downstream of the hydraulic regime.
Furthermore, there is no empirical equation or theoretical
equation between them. Therefore, both of them can be
considered independent parameters. The figure implies that
the discharge coefficient increase with the increase in (hy/H)
for different cases.

Figure 13 is drawn to express the relation between the
discharge coefficient and (h/H) for various cases, where H
represent the upstream water depth and / represent the water
depth above e the crest of the weir. Figures refer to the increase
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in discharge coefficient with increase in (h/H) for the case of
the obstacle existence. In the case without of the obstacle, the
behavior alters and varies in some positions. When the ratio
(h/H) between (0-0.45) the discharge coefficient decrease
with increase in the ratio values. While after the ratio (h/H)
value equal to (0.45) the discharge value increase with
increase in the ratio(h/H). The variation happens due to the
interaction between weir flow velocity and gate flow velocity.

Figure 14 is drawn to express the relation between the
discharge coefficient and (d/H) for various cases, where H
represent the upstream water depth and d represent the gate
opening depth. It is obvious from the figure that the discharge
coefficient values decrease with increase in (d/H) because of
the inversely proportional between the discharge coefficient
and the depth of the gate opening. The variation in results will
be attributed to the interaction between the weir flow velocity
and the gate flow velocity.

Tables 1-3 present statistical data pertaining to the present
experimental investigation. Specifically, these tables provide
information on the actual flow, average downstream water
depth, and discharge coefficient, respectively. The statistical
estimation yields highly similar values for the mean and
median, indicating that the collected experimental data have a
symmetrical or balanced distribution. The standard deviation
of a population's measured data indicates that it seeks to
approximate the mean of the measured data. Furthermore, the
tables encompass the measures of variance, range, maximum,
and minimum.
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Figure 13. Relation between discharge coefficient and h/H
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Table 1. Statistical data for the actual discharge

Case Mean Median Standard Deviation Sample Variance Range Maximum Minimum
Both side obstacle ~ 0.000931 0.0009 0.000284 8.07E-08 0.001156 0.001601 0.000445
One side obstacle 0.001034  0.000928 0.000387 1.5E-07 0.001499 0.001974 0.000474
Without obstacle 0.001013 0.001 0.000315 9.93E-08 0.001118 0.001596 0.000478
Table 2. Statistical data for the average depth of the water in the downstream
Case Mean Median Standard Deviation Sample Variance Range Maximum Minimum
Both side obstacle 3.7955 3.7875 0.735855 0.541483 2.5875 5.1375 2.55
One side obstacle 3.7405 3.65 0.665972 0.443519 2.4375 4.9625 2.525
Without obstacle 3.093286 2.975 0.630495 0.397524 2.4625 4.0375 1.575
Table 3. Statistical data for the discharge coefficient
Case Mean Median Stal}dz!rd Sa131p le Range Maximum  Minimum
Deviation Variance
igts}iaséfee 0.89023 0.902919 0.091992 0.008463 0.293922 1 0.706078
One side obstacle  0.846952372  0.829493784 0.139686971 0.01951245 0.442547149 1 0.557452851
Without obstacle 0.826429 0.781475 0.139477 0.019454 0.360882 1 0.639118

Correlation plot
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Figure 15. Correlation matrix for both side obstacle cases
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Figure 16. Correlation matrix for the one-side obstacle case
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Correlation plot
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Figure 17. Correlation matrix for the case of without obstacle

Figures 15-17 show the correlation plot for the different
experimental case studies. For any figure, this figure includes
the dominant variables which will be controlled the behavior
of weir-gate structure. These variables are hydraulic variables
and geometrical variables. In general, the correlation matrix
refers to the relationship between any two elements or
variables. This relationship may be described as strong, weak,
or moderate. In this study, the correlation matrix is employed
to indicate the linkage between the variables which control the
operation of the weir-gate structure at the acceptable level
without any fluctuation. The target of using the correlation
matrix is to establish a clear relationship between different
variables that control the weir-gate hydraulic structure of the
weir gate. In addition, a correlation matrix is used to predict
the actual discharge and the average depth of the downstream
water. The figures show positive and negative correlation. The
positive correlation means that both variables have the same
direction, while the negative correlation means that both
variables move in the opposite direction. Moreover, when the
correlation values are nearest or closer to zero, this implies a
weak relationship between the variables. A positive linear



correlation occurs when the correlation between two variables
equals 1, while, A negative linear correlation occurs when the
correlation between two variables is equal to -1. The figures
include a positive linear correlation. Furthermore, include
positive values of the correlation but less than 1, depending on
these values, the relationship between variables may be strong,
weak, or moderate. Moreover, it is observed that the tables do
not include values equal to -1, but the tables include negative
correlation values. Depending on the negative value of the
correlation, the relationship between variables may be strong,
weak, or moderate. It is clear that the correlation matrix is
employed to summarize the hydraulic variables and
geometrical variables data, respectively, to predict a
reasonable and relevant relationship between variables with or
without side obstacles.

6. CORRELATION ANALYSIS

Correlation analysis, a widely used statistical technique,
may be employed to assess the degree of linear association
between two dependent variables. No consideration is given to
the degree of reliance or autonomy of the variables. In most of
the research, researchers looked for a linear relationship
between two variables by employing the correlation analysis
technique. The correlation coefficients for numerous
parameters were calculated, resulting in the correlation matrix.
The significance of the association was calculated using p
values. Significant variance exists if and only if p is less than
0.05 and 0.01 (p0.05 and p0.01) (Figures 15-17). When p >
0.05, the difference does not matter [53, 54]. The accepted
range for the significance level is from 0.01 to 0.05. The results
of a Pearson correlation analysis, performed on all variables
(input/output), are shown in Figures 15-17.

Based on the analysis of all four statistical variables, it can
be concluded that the ANN model demonstrates the highest
level of suitability for the Cd data in both phases of training
and testing, with the MLR model ranking second in terms of
performance. In addition, the artificial neural network (ANN)
model demonstrates superior performance in terms of root
mean square error (RMSE), mean square error (MSE), and
mean absolute error (MAE) for the variable Cd. Additionally,
it exhibits a strong correlation coefficient for the Cd data. The
multiple linear regression (MLR) model demonstrates that the
root mean square error (RMSE) is the most effective statistical
indicator for prediction. On the other hand, the mean squared
error (MSE) and mean absolute error (MAE) exhibit the
greatest fit for artificial neural networks (ANN) throughout
both training and testing phases. Therefore, it can be inferred
that Artificial Neural Network (ANN) is the optimal model for
estimating Cd across all four statistical indices.

Figure 18 shows that the Training, validation, and testing
stages in estimation of Cd, which show R value more than 0.99
in Training and validation, while it about 0.96 in testing stage
of ANN modeling. Furthermore, Figure 19 show the best
epoch of 5 that get minimum prediction error (MSE) in ANN
simulation (0.00013141) from total of 11 epochs.

The MLR modeling show less statistical indicator
parameters (MSE and R) than the ANN model. In this study
the application of MLR model got R equal to 0.9 and MSE
equal to 0.0015209. These statistical indicator parameters
were less than its values when comparing with ANN model.
Figure 20 show the predicted and true responses (Cd).

The Box—Whisker plots (for inputs and output) and normal
distribution of output (Cd), are shown in Figures 21 and 22,
respectively.
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Figure 18. Correlation matrix for the case of without obstacle
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Figure 20. The predicted and true responses (Cd)
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7. CONCLUSION

The hydraulic behavior of the weir-gate hydraulic
construction exhibits greater sensitivity to the presence of a
side obstruction as opposed to its absence. The sensitivity of
the discharge coefficient is seen to be influenced by several
variables, including the vertical separation between the weir
and the gate, the hydraulic head above the weir crest, and the
water depth at the gate opening. Furthermore, the correlation
between the discharge coefficient and Reynolds number is
characterized as stochastic, in contrast to the correlation
between the discharge coefficient and Froude number.

In addition, the relationship between Reynolds number and
Froude number at the downstream moves in the same direction
and this implies a suitable trend in the relationship. Also, it is
clear that the actual discharge, downstream flow velocity, and
average downstream water depth are more sensible to the
presence or absence of the side obstacle in the flume. It is
found that the discharge coefficient increases with increasing
in the average downstream water depth regardless of both
parameters being considered independently. A correlation
matrix gives a good indicator and guide to predict the
relationship between hydraulic variables and geometrical
variables. Furthermore, provide a good relation among
hydraulic variables or geometrical variable. The variation in
statistical data for the different cases reflects the impact of the
presence or absence of the side obstacle on the hydraulic
response of weir-gate structure. Two machine learning models
were constructed and evaluated to provide predictions for the
variable Cd. The study's findings indicate that the application
of machine learning models has promise in mitigating some
constraints frequently encountered in conventional approaches
to assessing Cd. It is recommended to consider alternative
strategies for assessing and forecasting the coefficient of drag
(Cd) rather than depending exclusively on the aforementioned
procedures. Subsequent inquiries should prioritize the
exploration and advancement of machine learning (ML)
models, encompassing classification and regression models, in
the realm of engineering. This would enable improvements in
the estimate of Cd. Hydraulic systems have the ability to
effectively decrease both the costs and time associated with
hydraulic control, owing to their expanded functionality. In
conclusion, the utilization of the artificial neural network
(ANN) model has demonstrated significant effectiveness and
utility in the forecasting of Cd.
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